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Introduction
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Intro:  Motivation
Why do we want to study νμ→νe oscillations?

• determine mass hierarchy of 
neutrinos

• better measure mixing angle θ13
• CP violation

– could be studied by neutrino oscillations

– understanding ‐> why matter/antimatter 
asymmetry 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• using sin2(θ23)=1/2, 
optimal L and Eν, and 

sin2(2θ13)=0.14‐0.18, 
P(νμ→νe)=7%‐9%
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Intro:  Detection Difficulties

Fig 5.1-  Simulated energy distributions for the oscillation signal, intrinsic 
beam events, neutral-current events and ν charged-current events with and 
without oscillations. The simulation used Δm232 = 2.5*10-3 eV2, sin2

(2θ23), and sin2(2θ13)=0.04.  An off-axis distance of 12 km at 810 km was 
assumed.   Source: NOνA proposal [11]



Intro:  Types of Events

•Charged Current νe (CCe)
 νe + n -> e- + p 

•Charged Current νμ (CCmu)
 νµ + n -> µ- + p 

•Neutral Current (NC)
 ν + N -> ν + N

Images from Monte 
Carlo simulations

CCe Quasi-Elastic Scattering

CCmu Resonance Scattering

NC Deep Inelastic Scattering
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Visual Scanning Study
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Visual Scanning:  Procedure

• visually classified CCe, CCmu, or NC events 
from MC simulations using different wire 
spacings

• Goal:  to determine if efficiency is significantly 
increased with closer wire spacing

• Eevents < 3.5GeV

• Only scanned events where e‐ materilized 
within 2 cm and 5 cm of PV
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Visual Scanning:  General Method

• CCe ID:  look for e‐ produced at PV

• e‐ ID:  
– EM shower
– MIP=1 at beginning

• μ‐ ID:  
– long straight track 
– MIP=1 mostly
– possible decay into e‐
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• p+ ID:
– High dE/dx

• γ conversion ID:  
– gap btw track beginning and PV
– MIP=2 at beginning



Visual Scanning:  General Method
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5mm pitch

train05_1.eye
Num: CCe  111 CCmu   379 CCtau    0 NC 1509
 Number of events 93
                                  *** Your selection ***

CCe Efficiency  95.5% NC rejection 99.54% CCmu rejection 99.74%

Visual Scanning:  Results
e‐ materialized 2 cm from PV
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CCe CCmu NC
true CCe 64 0 3
true CCmu 1 3 0
true NC 7 2 13

10mm pitch

train10_1.eye
Num: CCe  115 CCmu   399 CCtau    0 NC 1485
 Number of events 103
                                 *** Your selection ***

CCe Efficiency  98.7% NC rejection 99.26% CCmu rejection 100.00%

CCe CCmu NC
true CCe 75 0 1
true CCmu 0 2 0
true NC 11 2 12



10mm pitch

trainv2_10_2.eye
Num: CCe  157 CCmu   399 CCtau    0 NC 1443
 Number of events 176
                                 *** Your selection ***

CCe Efficiency  78.4% NC rejection 99.24% CCmu rejection 100.00%

5mm pitch

trainv2_05_2.eye
Num: CCe  126 CCmu   384 CCtau    0 NC 1489
 Number of events 154
                                 *** Your selection ***

 CCe Efficiency  91.5% NC rejection 99.60% CCmu rejection 100.00%

Visual Scanning:  Results
e‐ materialized 5 cm from PV
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CCe CCmu NC
true CCe 86 2 6
true CCmu 0 5 4
true NC 6 3 42

CCe CCmu NC
true CCe 80 5 17
true CCmu 0 12 1
true NC 11 3 47



Visual Scanning:  Conclusion

• closer spacing slightly increased bkgd 
reduction (< 0.5%)

• when scanned e‐ produced 5 cm from PV, CCe 
ID efficiency significantly increased with 5mm 
spacing (78.4% → 91.5%)
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Multivariate Study
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Multivariate Study:  Procedure

• Use Monte Carlo simulations to establish 
distinguishing variables

• Note:  ArgoNeuT simulation used 
produces two 2D views of event

• Studied events with visible energy < 4GeV

• Made optimized cuts in PAW

• Trained a C4.5 Decision Tree
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Multivariate Study:  My Variables

• ncluster:  number of clusters* 

• nhit:  number of hits 

• notused: number of hits not fitted 
to cluster

• tmip:  sum of minimum ionizing 
particle values

• long:  number of hits in longest 
cluster
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*A cluster is a line-like collection of hits in one 
detector view
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• Number of hits in a 
triangle with opening 
angle 100 centered on 
each primary vertex 
cluster

• > 0 if primary vertex e‐

pvelec.for
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Multivariate Study:  My Variables
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Variable Correlations

ncluster  vs pvelec notused vs pvelec ncluster vs notused

ncluster  vs long notused vs long pvelec vs long
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Optimized Cuts in PAW

• Used ncluster, notused, pvelec, and long because 
mostly uncorrelated and utilized every hit

• Found which cuts maximize

• ncluster > 2, notused > 235, pvelec > 0, long < 182 

€ 

signal
signal + bkgd

Results from optimized cuts:  ncluster > 2, notused > 235, pvelec > 0, long < 192

avg CCe efficiencyavg CCe efficiency 75.04%

avg CCmu misidentificationavg CCmu misidentificationavg CCmu misidentification 29.05%

avg NC misidentificationavg NC misidentification 17.49%

avg bkgd misidentificationavg bkgd misidentificationavg bkgd misidentification 23.27%
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Utilizing Long

• A lot of CCmu background 
got through

• changed long cut to be 25 < 
long < 145
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 Results from cuts:  ncluster > 2, notused > 235, pvelec > 0, 25 < long < 145
longcl2.for
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avg CCe efficiencyavg CCe efficiency 60.17%

avg CCmu misidentificationavg CCmu misidentificationavg CCmu misidentification 7.76%

avg NC misidentificationavg NC misidentification 8.37%

avg bkgd misidentificationavg bkgd misidentificationavg bkgd misidentification 8.07%



Optimized Cuts with 7% CCe Data Set

• CCe signal will be ~7% of total events

• Data sets contain 1000 CCmu, 550 NC, and 117 CCe

• Background still dominates over signal
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Data Set 1 Data Set 3

CCe Bkgd ←classified as CCe Bkgd ←classified as

CCe 70 47 CCe 64 53

CCmu 84 916 CCmu 96 904

NC 58 492 NC 63 487

↑actual ↑actual

Data Set 2 Data Set 4

CCe Bkgd ←classified as CCe Bkgd ←classified as

CCe 68 49 CCe 67 50

CCmu 98 902 CCmu 85 915

NC 53 497 NC 54 498

↑actual ↑actual

avg CCe efficiencyavg CCe efficiency 57.48%
avg CCmu misidentificationavg CCmu misidentificationavg CCmu misidentification 9.08%
avg NC misidentificationavg NC misidentificationavg NC misidentification 10.35%
avg bkgd misidentificationavg bkgd misidentificationavg bkgd misidentification 9.72%
Results from optimized cuts using 7% CCe data sets:  ncluster > 2, notused > 235, pvelec > 0, long < 192



Decision Trees

• Training ‐> sophisticated cuts, which should classify test 
sets well

• Used a C4.5 tree, which maximizes information gained 
per node 

€ 

Info([N1,N2,...,Nk ]) = −
Nk

S
log2

Nk

Sk
∑

C4.5 tree trained with 7% CCe data 22



Initial Decision Tree Test

• Most successful using correlated variables ncluster, 
notused, nhit, and tmip

• CCmu and NC combined as bkgd

• Trained on 66% of data set and tested on remaining 
34%

• High signal purity, ok background reduction
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Decision tree results from data sets with equal numbers of CCe, CCmu, and NC events

avg CCe efficiencyavg CCe efficiency 76.66%

avg bkgd misidentificationavg bkgd misidentification 17.25%



Decision Tree with 7% CCe Data Set

• Trained on 1 set with 7% CCe signal and tested on 
remaining 3 sets

• Results in avg signal:false‐signal of 1.72:1

• Final events classified as signal are mostly actual signal

Data Set 2 Data Set 4
CCe Bkgd ←classified as CCe Bkgd ←classified as

CCe 32 85 CCe 30 87

Bkgd 16 1534 Bkgd 19 1531

↑acutal ↑acutal

Data Set 3
CCe Bkgd ←classified as

CCe 33 84

Bkgd 21 1529

↑acutal

avg CCe efficiencyavg CCe efficiencyavg CCe efficiency 27.07%
avg bkgd contaminationavg bkgd contaminationavg bkgd contamination 1.20%
Decision tree results from train on 1 7% CCe data set and training on the other 3 24



Conclusion

• Visually scanning events with an e- 5 cm from PV with 
5mm spacing instead of 10mm
– greatly increased CCe ID efficiency (78.4% → 91.5%)
– slightly increased NC rejection (99.24%→99.60%)

• Training a C4.5 Decision Tree with the 7% CCe data 
resulted in a final signal:false-signal of 1.72:1 with the 
remaining CCe data (most events labeled as CCe actually 
CCe!)

• More tests need assuming lower P(νµ → νe)

• More variables focusing on PV may be necessary
25
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Slides
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Weka

• Java program developed by The University of 
Waikato

• Allows one to test with different machine 
learning algorithms (different decision trees, 
neutral nets, etc) within the same program
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Weka: How to

• requires data to be in .arff 
format

• attribute = distinguishing 
variable

• class = what events can be 
classified as

• instance = individual event
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Weka: How to
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Main Explorer Window

choose filters



Weka: How to
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Can choose different filters



Weka: How to

33



specify training 
and testing data 
sets

Weka: How to
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Classifying Window

Choose 
learning 
algorithm

change algorithm 
variables


